Objective: To assess the correlations of both MRI and CSF biomarkers with clinical diagnosis and with cognitive performance in cognitively normal (CN) subjects and patients with amnestic mild cognitive impairment (aMCI) and Alzheimer disease (AD).
Biomarker and imaging indicators of disease that closely reflect the underlying pathology provide an independent measure of pathology based only on biology, in contrast to clinical diagnosis done on the basis of clinical examination and neuropsychological tests. Two highly promising CSF biomarkers for Alzheimer disease (AD) are total tau (t-tau) and A␤ . 1 We have also included phospho-tau 181P (p-tau 181P ) since it reflects phosphorylated tau and has been postulated to more closely mirror neurofibrillary tangle (NFT) formation. 2 Structural MRI captures disease-related structural changes in the brain by measuring loss of brain volume. 3 A technique developed in our laboratory condenses the degree and location of ADrelated atrophy on the 3-dimensional MRI scan into a single number which is called Structural Abnormality Index (STAND) score 4 and antemortem MRI scan-based STAND scores corre-late well with postmortem NFT pathologic Braak stage. 5 In the present article, we use STAND scores as an indicator of severity of AD-like pattern of volume loss on structural MRI.
Both CSF and MRI have been shown independently to be useful for intergroup discrimination of AD. To date, there have been relatively few studies that have compared the performance of both MRI and CSF biomarkers together for diagnosis of AD. [6] [7] [8] [9] [10] [11] [12] [13] [14] The aims of our article are twofold in the context of evaluating both the biomarkers cross-sectionally: 1) to evaluate individual and combined utility of MRI (STAND score) and CSF (ttau and A␤ ) biomarkers to effect diagnostic intergroup discrimination; and 2) to assess correlation between MRI and CSF biomarkers and clinical measures of severity, using Clinical Dementia Rating-sum of boxes score (CDR-SB) and Mini-Mental State Examination (MMSE).
METHODS The data used in this study are from the Alzheimer's Disease Neuroimaging Initiative (ADNI), which is a longitudinal multisite observational study of elderly individuals with normal cognition (CN), amnestic mild cognitive impairment (aMCI), and AD collected from 56 participating institutes. 15 Written informed consent was obtained for participation in these studies, as approved by the Institutional Review Board at each of the participating centers. The details of ADNI can be found at http://www.ADNI-info.org. Baseline MRI and clinical/ psychometric assessments are acquired on all subjects. CSF was obtained in approximately 55% of the cohort. In this study, all subjects with CSF data at baseline and usable MRI were considered. Our sample consists of 399 subjects (109 CN, 192 aMCI, 98 AD). Two of the 98 subjects with AD subsequently reclassified as non-AD dementias (frontotemporal dementia and dementia with Lewy bodies) are considered as AD for this analysis. We used MMSE 16 and the CDR-SB 17 as overall indices of general cognitive performance and global functional status, respectively, which were collected on all subjects at the screening visit.
CSF methods and processing. Lumbar puncture for the collection of CSF occurred a median of 1 day after the baseline clinical visit (range: Ϫ20 to 163 days, 11 missing dates). CSF was collected at each site, transferred into polypropylene transfer tubes followed by freezing on dry ice within 1 hour after collection, and shipped overnight to the ADNI Biomarker Core laboratory at the University of Pennsylvania Medical Center on dry ice. When samples are received in the laboratory, they are thawed and aliquots are stored in barcoded polypropylene vials at Ϫ80°C. The complete details can be found at http://www.adniinfo.org/index.php. A standardized protocol was implemented to quantify biomarker concentrations in each of the CSF ADNI baseline aliquots using a multiplex xMAP Luminex platform (Luminex Corp, Austin, TX) with Innogenetics (INNO-BIA Al-zBio3, Ghent, Belgium; for research use only reagents) immuno-assay kit-based reagents, which was validated in previous reports. 18, 19 MRI methods and preprocessing. ADNI collects 1.5-T MRI scans in all subjects and 3-T scans in approximately 25% of the sample; only the 1.5-T MRI scans were used for this study. The MRI scan was a median of 18 days before baseline clinical examination (range: Ϫ12 days to 190 days). The images were acquired on commercial 1.5-T scanners. The nominal parameters of the morphometric T1-weighted MPRAGE can be found in reference 15. These images are additionally corrected for gradient nonlinearity, intensity inhomogeneity, and scaled geometrically using the phantom scan acquired with each subject examination 15 using a centralized MRI processing pipeline at Mayo Clinic, Rochester, MN. STAND scores were estimated on these preprocessed images.
STAND scores reflect atrophy in regions associated with AD, primarily the medial temporal limbic areas and inferior and lateral temporal neocortex. To estimate STAND scores, the algorithm must be trained to optimally identify anatomic MRI features that differentiate AD from CN subjects using a training dataset. An important design feature of our study was that the STAND algorithm was trained in a separate group of ADNI AD and CN subjects not described in detail here (i.e., 90 AD and 90 CN ADNI subjects who did not undergo lumbar puncture). The algorithm was trained and then applied in independent subject groups (those with both CSF as well as MRI), thus avoiding circularity. Regions detected as important for differentiating AD from CN using the training dataset are shown in appendix e-1 on the Neurology ® Web site at www.neurology.org and subsequently these regions are used to assign STAND scores to new incoming scans (in our case the test cases). Note that the algorithm searches a much broader anatomic area including the hippocampus. Computation details for STAND scores are reported in appendix e-1.
Statistical analysis. Pairwise differences in MRI and CSF bi-
omarker measures by diagnosis were tested with a two-sided Wilcoxon rank sum test. The relationship between CDR-SB and MMSE and biomarker data were expressed as Spearman partial rank-order correlations adjusted for age among all subjects and within diagnosis groups. Among all subjects, the Choi test 20 was used to determine if the strength of the correlations between MRI and cognitive scores was different from the strength of the correlations between CSF data and cognitive scores.
To assess the relationship between biomarkers and all 3 clinical diagnoses (CN, aMCI, and AD), we fit proportional odds logistic regression (POLR) models. 21 POLR is a generalization of binary logistic regression that is useful when the outcome of interest has more than 2 groups that have a natural ordering. For our models, we assume clinical group is ordered from better to worse as CN, aMCI, AD. Models were fit separately for each biomarker measurement with age included as an adjustment covariate. Two multivariables were also fit: the first includes age, STAND, A␤ 1-42 , and log(t-tau), and the second includes age, STAND, and log(t-tau/A␤ 1-42 ) as the CSF ratio is more widely used clinically. We used the natural logarithm transform to correct for skewness. We report the area under the receiver operating characteristic curve (AUROC) for each model. This has the interpretation of the proportion of times the model will correctly order the clinical diagnosis of 2 subjects given only the values of the model predictors. Additionally, we report likelihood ratio 2 statistics and p values for the biomarker predictors.
For simplicity of interpretation, we also computed the diagnostic accuracy of all biomarkers for AD vs CN classification based on a cutoff value chosen such that overall accuracy of each independent biomarker is maximized. AUROC, sensitivity (proportion of positives identified that are true positives), specificity (proportion of negatives identified that are true negatives), test accuracy (proportion of positives and negatives correctly identified), positive predictive value (number of true positives/[number of true positives ϩ number of false positives]), and negative predictive value (number of true negatives/[number of true negatives ϩ number of false negatives]) were computed. Evidence-based medicine (EBM) likelihood ratios (sensitivity/ [1 Ϫ specificity]) were also computed to determine the likeli-hood that a biomarker value greater than or equal to the determined threshold would be expected to be AD compared to the likelihood that the same value would be expected given CN.
All data manipulation and analysis was performed using SAS version 9.1.3 and R version 2.7.1.
RESULTS Patient characteristics. The demographics
and clinical summary of all subjects with MRI and CSF biomarker data are presented in the patient characteristics section of table 1. MRI and CSF biomarker summary statistics are presented in the measurement section of table 1. Differences between CN and AD, CN and aMCI, as well as aMCI and AD were significant for MRI and CSF biomarkers. All biomarkers scale appropriately with groupwise level of cognitive and functional impairment with CN (least abnormal) and AD (most abnormal) at 2 extremes and MCI in the middle of the spectrum. Box plots of these distributions by group are shown in the top row of the figure. In the bottom row of the figure, we show 3 within-group plots of STAND plotted against log(t-tau/A␤ ). The clusters of scores move diagonally from low STAND-low log(t-tau/A␤ ) in CN to high STAND-high log(t-tau/A␤ 1-42 ) in AD.
Correlation between cognitive/functional performance and MRI and CSF biomarkers. Spearman partial rank-order correlations adjusted for age ( p value) between cognitive/functional measures and each MRI/ CSF biomarker are shown in table 2. When subjects from all 3 clinical groups are combined, MRI and every CSF biomarker was correlated with both CDR-SB and MMSE in the expected direction ( p Ͻ 0.001). Among all subjects, the correlation between STAND and cognitive scores was stronger than between CSF biomarkers and cognitive/functional performance scores ( p Ͻ 0.01, Choi test), suggesting STAND is more closely related to cognitive and functional performance than CSF biomarkers. When the subjects were split into 3 individual clinical diagnostic groups, there was no significant correlation between the CSF biomarkers and cognitive scores in any of the groups. However, STAND score correlated significantly with both CDR-SB and MMSE in aMCI and AD groups, suggesting that structural MRI is related to within-group variation in cognitive status in aMCI and AD.
MRI and CSF biomarker prediction of clinical group
membership. Using ordinal regression models, we assessed the ability of STAND and CSF biomarkers alone and then in combined models to diagnostically separate CN, aMCI, and AD (table 3) . These models are adjusted for the linear effect of age. Each of the MRI/CSF biomarkers independently contributed ( p Ͻ 0.001) to the prediction of clinical group mem- bership (in univariate models). Due to a high correlation between p-tau 181P and t-tau, we did not consider p-tau 181P in the combined model. The model that combined STAND, t-tau, and A␤ 1-42 had better performance that any one disease indicator alone, the contribution of each disease indicator remained significant. Predictor 2 indicates contribution of one disease indicator conditioned on the rest of the indicators. The higher 2 values of STAND when conditioned on t-tau and A␤ indicates that STAND provides more information concerning cross-sectional intergroup discrimination than CSF markers. We used bootstrap resampling to estimate the difference in univariate model AUROCs for the various predictors. Based on 95% confidence intervals (CIs) for the difference in AUROCs, STAND score was a better predictor than A␤ (95% CI ϭ 0.03 to 0.13), log(t-tau) (95% CI ϭ 0.03 to 0.13), and log(p-tau) (95% CI ϭ 0.04 to 0.14). STAND score appeared to be a better predictor than t-tau/A␤ 1-42 at p ϭ 0.10 level (90% CI ϭ 0.004 to 0.09) but not at p ϭ 0.05 level (95% CI ϭ Ϫ0.003 to 0.09).
In table 4 , the AUROC, diagnostic accuracy of the biomarkers for AD vs CN classification, are presented alongside the computed cutoff values. Similar to the results in the 3 group models (table 3), we found that STAND scores had a higher test accuracy of 84% (AUROC 0.9) compared to individual CSF biomarkers test accuracy of 74%-77% (AUROC 0.8) in separating AD vs CN. STAND AUROC was higher than t-tau ( p ϭ 0.002), A␤ 1-42 ( p ϭ 0.01), and p-tau 181P ( p ϭ 0.004) but not different from 
DISCUSSION
This study presents an analysis of cross-sectional clinical correlations of 2 core disease indicators in AD: MRI and CSF biomarkers. Our results suggest that of the 2 classes of disease indica-tors, structural MRI changes were more closely related to general cognitive and functional indices of disease stage in impaired subjects. These results are concordant with some CSF and MRI studies that have shown that CSF biomarkers do not correlate with cognitive measures cross-sectionally among patients with AD 22 nor with plaque and tangle burden, 23 whereas MRI biomarkers (such as hippocampal volume, STAND score) correlate with both degree of cognitive impairment as well as Braak NFT staging. 24, 25 All MRI/CSF biomarkers were found to be significant for intergroup discrimination of CN, aMCI, and AD. The combined predictor model with both MRI and t-tau/A␤ 1-42 ratio performed better than any one biomarker alone and the contribution of both CSF and MRI was found to be significant. p-tau Epitopes are believed to be most useful for differentiating AD and non-AD dementias, 26 which may explain why p-tau 181 was not more sensitive than t-tau measurements in intergroup discrimination in subjects who lay along the normal to AD continuum.
The 3 disease markers examined in this article (MRI, CSF A␤ 1-42 , and CSF t-tau) reflect different aspects of AD pathology. Low CSF A␤ 1-42 is a marker of fibrillary amyloid deposition in plaques. Nearly complete concordance is present between individuals with positive Pittsburgh Compound B (PIB)-PET scans and those with low CSF A␤ 1-42 . 27 Although correlations with A␤ 1-42 were present in our study, well accepted reasons exist to explain why A␤ 1-42 might not correlate highly with clinical indices of disease stage. Amyloid deposition is regarded to be an early event that occurs prior to clinical symptoms. In one proposed model of AD, a full complement of amyloid is deposited and then plateaus with little further deposition. 28 Cognitive decline, as well as NFTs and synaptic loss, progressively worsen in the presence of a relatively static total load of amyloid. 28 Animal data also indicate that amyloid plaque deposition precedes NFT. 29 An additional possible explanation for our findings is that measurement of CSF A␤ 1-42 appears to be inherently more variable than MRI (figure).
Increased CSF t-tau is a marker of neuronal injury which correlates well with NFT stage and NFT load. 30, 31 Atrophy on structural MRI also correlates with Braak NFT stage and NFT load 24, 25 but the most proximate histologic correlate of MRI volume loss is loss of neurons and synapses. 3, 32 It may at first be surprising to find that correlations with clinical disease stage are slightly stronger for MRI vs t-tau given that CSF t-tau is usually regarded as direct marker of neuronal injury. However, autopsy studies have shown that the appear- Table 3 Performance of MRI and CSF predictors in discriminating among clinical groups (CN, aMCI, and AD) using ordinal logistic regression ance of NFT pathology in entorhinal cortex (EC) precedes the appearance of EC neuronal loss. 33 Therefore, assuming CSF t-tau is a direct reflection of NFT pathology and atrophy on MRI is a direct result of neuron and synapse loss, one might expect slightly better correlation between clinical indices of disease stage (which themselves reflect neuron and synapse loss) and MRI than with CSF t-tau. The fact that the literature to date on CSF-clinical correlations contains some seemingly contradictory results in late onset AD (which is what our subject population represents) supports this notion. For example, one study reported no change in CSF t-tau levels over time in patients with AD and concluded that CSF t-tau does not predict either severity or rate of clinical decline in AD. 34 Rates of change on MRI did correlate with change on MMSE scores, but change in CSF t-tau did not. 35 Conversely, another study 36 found that baseline CSF t-tau (and A␤ ) predicted conversion to dementia and another 22 found a direct correlation between increasing levels of CSF t-tau and severity of impairment in AD. The relationship between CSF t-tau and disease stage may therefore be complex. In contrast, the relationship between clinical disease stage and MRI seems to be a fairly straightforward direct correlation since MRI measures atrophy, which reflects cumulative damage. The literature on MRI is nearly unanimous in indicating close correlation between loss of cognitive function and loss of volume on MRI over time. 37, 38 A final possible explanation for our finding of better correlation between MRI and cognition than between CSF t-tau and cognition is that MRI may be a more stable indicator of neuronal injury. Brain volume quantification with MRI has nothing analogous to daily turnover of a soluble protein. Minimal physiologic variation in brain volume may translate into stronger correlations with cognition over many subjects. Typically MRI and CSF biomarkers have been shown to have an accuracy of 80%-90% in discriminating AD and CN. In this study, we found the performance of MRI and CSF was slightly lower than the numbers seen in the literature. Despite rigorous standardization of procedures and processing, this could be attributed to the fact that ADNI is a multisite study with known site-to-site variation in methods of subject recruitment. We explored whether there was any evidence of site-specific differences that may require adjusting biomarker values and found that subject-tosubject variability was much greater than site-to-site variability for all biomarkers with intraclass correlations below 0.02 across all biomarkers. This suggests that less than 2% of the variability in biomarker values is due to site differences. In light of these findings, and because of the large number of sites and relatively few subjects per site, incorporation of site into our analyses was not required.
Advances in computational power and MRI technology in the last decade have enabled us to obtain automated MRI biomarkers such as STAND scores for assessing the disease state. Advantages of using MRI biomarkers are the noninvasive nature of the imaging modality, low processing time, and automation of biomarker estimation. This study also validates that MRI scans from different centers can be combined and STAND scores perform reasonably well for diagnostic purposes. There are two limitations of this study: 1) ADNI population is not generalizable to the general population. The recruitment mechanisms were those used for clinical trials in AD and included memory clinics, patient registries, public media campaigns, and other forms of public advertisements. 2) Since the gold standard is clinical diagnosis, which is based on the screening tests, we cannot directly evaluate the additive value of the biomarkers to clinical methods. This will require a different study design.
